Additionally, the point localities were verified in geographical space to identify erroneously georeferenced specimens. Locality descriptions (e.g., country) of herbarium specimens were checked against an underlying map of political boundaries in Africa and errors such as switched latitude and longitude and in negative and positive decimal degree values were identified and corrected. We subsequently extracted occurrence records for 40 palm species (representing 82.5% of all recognised African palm species) with ≥ 10 unique occurrences at 10 × 10-km resolution which covered in total 2066 unique occurrence records (mean: 51.7; median: 39) (Supplementary Table S1 ). To accommodate the uncertainty in some georeferences (7-10 km), we chose to set the analytical unit of the study at a resolution of 10 × 10-km. The occurrence records were then spatially thinned retaining only one occurrence record per 10 × 10-km equal-area grid cell.
Due to different climatic affinities between groups of African palms we divided the palms into two distinct groups based on ecology 3 , namely rainforest and open-habitat palms. The rainforest group consisted of strictly rainforest palms and the open-habitat group of desert, grassland and savanna palms tolerant of more exposed habitats and never found in forests 4 . Two species are not restricted to rainforest or open habitats (Elaeis guineensis and Phoenix reclinata) and where not included in any category, but counted towards the total palm species richness estimates.
Climate data.
Climatic data was obtained for the baseline period (1960−1990 ) from the Worldclim database 5 on Climate Change (IPCC) report using the spatial downscaling data of the Delta Method 6 . To make sure the models covered a wide range of future climatic scenarios, future climatic data layers were derived from three different coupled Atmosphere-Ocean global circulation models (GCMs) and three future greenhouse gas emission scenarios (SRES) 7 . The SRES scenarios represent a range of underlying driving forces (demographic, economic and technological) of greenhouse gas and sulphur emissions. They are developed based on a wide range of assumptions regarding these driving forces to represent the uncertainty of the future. We selected the scenarios B2a, A2a and A1b as they represent a variety of assumptions regarding the driving forces and thus encompass a range of potential future demographic, social, economic, technological and environmental developments. The A1b scenario is one group within the A1 family, which characterizes a future world where the human population continues to grow until it peaks in ca. 2050 and afterwards declines. Economic growth is rapid and technological development is fast and innovative. The A1b group differs from other A1 groups in the direction of change in the energy system which for A1b is assumed to be a balanced reliance on all sources of energy (non-fossil energy to fossil intensive). The A2a represents the A2 family which describes a future heterogeneous world where the human population continues to grow to towards 2100. The economy develops regionally and technological change is slow compared to other scenarios. Finally B2a of the B2 family of scenarios is one of the less severe scenarios, where the human population continues to grow, but at a lower rate than the A2a scenario. Focus is more on local solutions to secure environmental sustainability and social equity 7 .
At the time of data download (January 2012), climate layers for the combination of the three SRES and three time periods were not available for all GCMs. Hence, out of the available GCMs, we selected data derived from three GCMs, namely CCCMA-CGCM2 (referred to as CCCMA), CSIRO-MK2
(CSIRO) and HACCPR-HADCM3 (HADCM), with different original resolutions of 1.9º x 1.9º, 0.8º x 1.9º and 1.25º x 1.25º with climate sensitivities ranging between 3.1º C-3.4º C 6 . We further mapped the distribution of absolute differences in annual mean temperature and water balance between pairs of GCMs to make sure they all had marked spatial variation in the climatic values which would transcend into spatial variation in predicted suitability. The three chosen GCMs showed clear spatial variation across Africa with absolute differences ranging between 0ºC-3.5ºC for annual mean temperature and between 0 mm-6620 mm for annual water balance across Africa for the 2080 scenarios ( Supplementary Fig. S8-S9 ). For A1B the above GCMs were not available at the time of download and we therefore used CCCMA-CGCM3 for CCCMA, CSIRO-MK3.1 for CSIRO and UKMO-HADCM3 for HADCM, respectively.
For the baseline and each of the combinations of GCMs and SRES for all three future time intervals we obtained three temperature variables (annual mean temperature, minimum temperature of the coldest month and temperature seasonality), as well as monthly data on precipitation and temperature. All datasets were originally in 5' resolution, but were reprojected to the Lambert Azimuthal Equal Area (LAEA) projection using bilinear interpolation at 10 × 10-km resolution in ArcGIS.
Computation of potential evapotranspiration (PET) and water balance (WATBAL).
One of the challenges to correctly simulate future distributions of plants in species distribution modelling (SDM) is to account for the effect of CO 2 fertilization under future increased CO 2 concentrations 8 . This fertilization potentially changes plant water use efficiency by decreasing plant transpiration and evapotranspiration 9 . Failing to account for the CO 2 effect in SDM could potentially make modelling outputs unreliable. A solution to account for such effects is to rescale climate predictors to better represent how they are functionally perceived by plants under given CO 2 concentrations 8 . For the present study we refrain from using purely precipitation-derived variables. Instead, we constructed water balance-derived variables as these are based on the monthly differences between precipitation and PET, because it has recently become possible to rescale PET to take into account the potential CO 2 effect on plants 9 .
Kruijt et al. 9 has generated rescaling factors (c-factors) for PET across four different vegetation and plant functional types under two different CO 2 concentration rises relative to the present-day level. We used the mean c-factors of Kruijt et al. 9 of all four categories (Table S4 ) and fitted a linear regression for each category between c-factors and the CO 2 concentration rises making the assumption that if the CO 2 concentration is unchanged (0) the resulting c-factor would be 1 meaning that PET is unchanged ( (Table S5) .
These nine final c-factors were subsequently used to rescale PET.
We used the monthly temperature data for the baseline and the future time periods to compute PET of each month using the method of Thornthwaite
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. The Thornthwaite-type PET is purely temperature based and given by: PET = 1.6 *(10 * T / I) a , where T is the mean monthly temperature, I is the heat index for a given area computed as the sum of values i calculated for the 12 months of the year given by: i = (T/5) 1.514 and a = 0.000000675 * I 3 -0.0000771* I 2 + 0.01792 * I + 0.49239. The above formula computes PET based on a standard month of 30 days and on days with 12 hours sunlight. Since this varies with month and latitude the monthly PET values were adjusted for day and month length using the correction factors given by Thornthwaite 11 across latitudes spanning Africa.
We constructed three water balance variables namely annual water balance (WATBAL; mm/year) computed as the annual sum of the monthly differences between precipitation and PET, water balance seasonality computed as the standard deviation of monthly water balance, and water balance of the driest quarter computed as the minimum sum of water balance across three consecutive months. To account for the potential effect of CO 2 fertilization under increased CO 2 concentrations, we created a second set of the water balance-derived variables using the rescaled PET based on the CO 2 concentrations of the different gas emission scenarios (A1B, A2A, B2A) as explained above (Fig S7, Table S4-S5) .
Species distribution modelling
We used two advanced machine-learning modelling techniques to fit species distribution models for the 40 palm species, namely Maximum Entropy (Maxent) species distribution modelling, run in Maxent v. 3.3.3k 12 and Generalised Boosting Model (GBM) 13 modelling, run in R 14 using BIOMOD v. 1.1.7 15 . Maxent and GBM are commonly used SDM algorithms 16, 17 and in comparative studies they have been found to be among the best performing SDM techniques 18, 19 . We have previously evaluated different methods (Maxent, GBM, GLM, and GAM) for their ability to predict the current ranges of the African palms based on evaluation statistics and by expert knowledge. We found GBM and Maxent to provide the overall best results 3 , and therefore they were chosen for the current study.
We created two distribution models per species. First, we used the baseline climatic data (temperature and water balance-derived variables) combined with six spatial filters to predict present-day distributions (SPATIAL model). We used spatial filters to take into account any potential spatial constraints on the species' actual distributions 20 . We selected six spatial filters to equal the number of climate variables as this has previously been found useful for predicting African palm distributions 21 . Spatial filters are orthogonal variables (eigenvectors) representing the spatial relationship amongst spatial units derived from a Principal Coordinate Analysis based on a truncated pairwise distance matrix of the geographic position of each spatial unit at various scales from broad to fine-scale spatial patterns 22 . Spatial filters were computed in SAM 3.0 23 using default settings, further geoprocessed as described in Blach-Overgaard et al. 21 , and resampled to 10 × 10 km resolution, for the current study. Secondly, we constructed an additional model using just the six climatic variables only (CLIMATE model) to produce a potential climatic model for the baseline. The CLIMATE model was subsequently projected onto two different sets of future climate data for all combinations of GCMs and SRES for the three time periods. The first dataset consisted of three temperature and three un-scaled water balance variables (−CO 2 ), while the second set was the same set of temperature variables combined with three CO 2 -modified water balance variables (+CO 2 ).
For the GBM, we chose default settings of BIOMOD running maximum 3000 trees and five cross validations to select the optimal number of trees. Finally, for Maxent we also chose default settings as they have been shown to provide overall robust results
24
. For all models, we used 10,000 randomly selected pseudo-absences as a random selection of pseudo-absences has been shown to outperform other selection techniques 25 . Model evaluation of both models was done by calibrating the baseline models on 80% of a random sample of the initial data and evaluated against the remaining 20% using the areas under the receiver operating curve (AUC) 26 and the true skill statistic (TSS) 27 . Model evaluation was performed 10 times, each time selecting a different 80% random sample and evaluating model accuracy against the remaining 20%.
We averaged the AUC and TSS for each model-run of the SPATIAL and CLIMATE models using the GBM 29 .
We chose to create two related models (based on the same climatic predictors) per species to be able to estimate the change in pure climatic suitability given by the CLIMATE model between the baseline and the three future time periods within realistic present-day range margins and within the margins of potential colonized areas of the species (deducted from the SPATIAL model). The SPATIAL model combined with a statistically set threshold produced an estimation of a given species' actual distribution as the spatial filters constrain the model to reduce overpredictions into climatically suitable areas at far distances from any known occurrence records (Fig. S10) . Processing of the outputs of each model type is explained in further detail below.
Construction of dispersal scenarios
We created two dispersal scenarios for the present study, namely a no-dispersal scenario where palms do not disperse outside their predicted current range limits and a 100-km-dispersal scenario where palms can disperse up to 100 km from their current range limits in all directions. The 100-km-dispersal scenario is a more realistic and conservative migration limit in relation to tropical trees 30 relative to the unrealistic full migration scenario 31 often applied in species distribution modelling studies 32, 33 . To construct current actual distributions for all species we converted the continuous suitability prediction of the SPATIAL model to binary predictions using the threshold equal training sensitivity and specificity in Maxent. This corresponds to the optimized ROC threshold of BIOMOD, which minimises the absolute difference between sensitivity and specificity and is ranked among the most reliable thresholds 34 . We subsequently extracted the combined area predicted as presence by Maxent and GBM except for M. argun (see above). To obtain a range as close to each species actual distribution each species' distribution was examined for extreme outliers, grids predicted as presences, but occurring at far distances from any coherent group of presence grids and outside the known distribution. For most species this was mostly cells at a distance of more than 1000 km and for only seven species below 1000 km (between 140−700km distances). These were removed from the predictions and the resulting outputs were used as the species' no-dispersal masks. To create the 100-kmdispersal mask we extended the no-dispersal mask with 100 km in all directions (Fig. S10 ).
Processing the modelling results.
We refrained from converting the future continuous suitability projections of the Maxent and GBM CLIMATE models to binary predictions to avoid information loss and the uncertainties associated with the choice of thresholds 35 . Instead, we made all further processing of the modelling outputs based on the suitability scores of the baseline CLIMATE model and the 4320 future projections for 40 species across each possible modelling combinations (two SDMs × three GCMs × three SRES × three time periods × two CO 2 -scenarios) within the species-specific no-dispersal or 100-km-dispersal masks and disregarded the suitability scores outside the masks (Fig S10) . For GBM all model outputs are by default ranging from 0−1000 and as all further processing relies on suitability scores ranging between 0−1, we divided all GBM outputs by 1000.
Assessments of the impact of climate change.
We assessed the impact of climate change by first calculating the change in climatic suitability as the difference in climatic suitability between baseline (CLIMATE model) and future conditions following Hof et al. 36 ( Fig. S10 ). This was done for all 40 species across all model combinations (SDM × GCM × SRES) for the three time periods and for both CO 2 scenarios within both dispersal masks. We identified the regions with the highest projected impact of climate change on palm richness patterns (all palms, rainforest palms and open-habitat palms) within the no-dispersal mask by summing the number of species per 10 × 10-km grid that (1) lose climatic suitability, termed 'local climate losers' (negative change in climatic suitability between future and current conditions), (2) gain climatic suitability, 'local climate winners' (positive change in climatic suitability between future and current) and (3) show no change. Species were considered 'losers' or 'winners' regardless of the magnitude of the change in climatic suitability and could be counted as winners in one grid cell and losers in another grid cell. To estimate the climate change effects on immigrant species
we summed the number of species per 10 × 10-km grids which gained climatic suitability outside the nodispersal mask, but within the 100-km-dispersal mask, termed 'immigrant winners' (positive change in climatic suitability between current and future conditions). We further calculated the proportion of 'local climate losers' and 'local climate winners' of the total species pool per grid cell.
To determine the overall loss in climate suitability per species we summed the number of grid Consensus maps were derived by calculating arithmetic means of the richness and proportions of 'local climate losers', 'local climate winners' and 'immigrant climate winners' across all model combinations (SDM × GCM × SRES) for the three time periods and two CO 2 scenarios. As it is well-known that there is large differences in modelling output depending on the given SDM, GCM or SRES used 37 we further mapped the 'local climate loser' richness patterns (all palms, rainforest palms and open-habitat palms) for 2080 for the +CO 2 -scenario separately as arithmetic means for (1) all combinations of SDM × GCM per SRES (Fig. S4 ), (2) across all combinations of SDM × SRES per GCMs (Fig. S5 ) and finally (3) across all combinations of GCMs × SRES per SDM (Fig. S6) , to assess the uncertainty around the consensus.
Human population density scenarios
To estimate the potential future threat from humans on palms we constructed human population density projections for three time periods centred on 2020, 2050 and 2080. We used the Gridded Population Density map of the World in 2.5' resolution for year 2000 38 . The global map was reprojected to the LAEA projection and resampled to 10 × 10 km resolution extracted only for continental Africa. We modified the 2000 layer using the latest population projections on human population densities (people/km 2 ) by the United Nations 
Assessment of the impact of human population density.
We assessed the human population density change over time for each species by weighting the time-specific human population density maps (HPD2020, HPD2050 and HPD2080) by the proportion of suitability per grid within each dispersal mask given by the species specific distribution models for all combinations of models (SDM × GCM × SRES × CO 2 -scenario) matched with the specific time period (e.g., HPD2020 with SDM × GCM × SRES × CO 2 -scenario for year 2020). The proportion of suitability was computed for each grid by dividing the suitability of each grid within the species specific dispersal masks by the total sum of suitability per species across all grids within the given dispersal mask. The human population density per species per time period was subsequently calculated by summing up the weighted HPD values across all cells within either the no-dispersal or 100-km-dispersal masks. We obtained a consensus averaging by calculating the arithmetic mean across all model combinations (SDM × GCM × SRES) per time slice and CO 2 scenario.
To assess whether palms species, by the end of the century, are likely to occur under HPD levels, which potentially could lead to increased risk of habitat loss and overexploitation, we set a threshold for high HPD corresponding to the continental-wide average HPD for year 2000 (CON-HPD; 50.14 people/km2; Table S2 ). To assess how HPD is related to impacts on palm populations, we assessed the link between HPD and land cover transformation, one of the most important drivers of extinction risks in palms (CON-HPD; 50.14 people/km2; Table S2 ). This analysis showed that most natural land cover classes have mean HPD below CON-HPD, while most anthropogenic land cover classes and especially those in which most palm species would not be able to maintain populations (e.g., irrigated croplands and croplands >50%)
have HPD above the CON-HPD threshold (Table S2) .
Protected area network.
To assess the future role of the conservation network in Africa for African palms, we used the World database of Protected Areas 41 from 2009. The protected area network contains points and polygon data for protected areas and these were dissolved and the layer was subsequently clipped and reprojected to match the climatic data. For each 10 ×10 km grid cell across Africa we obtained the proportion of the cell covered by conservation areas (Fig. S12) .
Assessment of the impact of climate change on conservation areas.
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